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ABSTRACT

Long-term memory is widely regarded as a key enabler of personalization for
Large Language Model (LLM) agents, yet existing benchmarks almost exclu-
sively model users through human-assistant dialogues, implicitly assuming that
user preferences can be fully inferred from conversational signals alone. However,
an effective personalized memory system should not be limited to conversations,
but should be learned from continuous observations of diverse user behaviors, a
setting that remains largely unexplored due to the lack of appropriate benchmarks.
To this end, we introduce MobileMem, a benchmark for evaluating personalized
long-term memory in realistic environments, using mobile usage as a representa-
tive and challenging testbed. MobileMem is constructed from real user trajecto-
ries, where human-assistant dialogues are naturally interleaved with interactions
across multiple mobile applications. To enable coherent long-horizon evaluation
from fragmented sessions, we further propose KEME, a knowledge-guided expe-
rience synthesis framework that integrates temporally dispersed interactions into
consistent lifelong trajectories. Each trajectory is paired with long-horizon ques-
tion—answer pairs that require memory systems to organize, retrieve, and integrate
information across sources and time. Evaluations on MobileMem expose previ-
ously overlooked limitations of existing memory systems, revealing a significant
gap between current benchmarks and real-world deployment demands.

1 INTRODUCTION

Large Language Model (LLM) agents are increasingly envisioned as long-term personal assistants
capable of continuous learning and adaptation. To achieve true personalization, these agents must
possess the ability to accumulate, integrate, and reason over user-specific information across ex-
tended time horizons spanning days, weeks, or even months Jiang et al. (2024); Chen et al. (2024);
Liu et al. (2025b); Cai et al. (2025); Sun et al. (2025a). Recent research demonstrates that in-
corporating long-term memory systems can substantially enhance the personalization, behavioral
consistency, and long-horizon task performance of LLM agents Chhikara et al. (2025); Xu et al.
(2025); Rasmussen et al. (2025); Li et al. (2025); Kang et al. (2025); Wang & Chen (2025); Fang
et al. (2025a); Wang et al. (2025a).

However, the rapid development of memory systems has outpaced our ability to rigorously evaluate
them under realistic usage conditions. Most existing benchmarks implicitly operationalize mem-
ory through a dialogue-centric lens, assuming that a user’s persona and preferences can be fully
inferred from human-assistant conversations alone Maharana et al. (2024); Wu et al. (2025a); Tan
et al. (2025); Hu et al. (2025a); Chen et al. (2025). We argue that an effective personalized memory
system which we term multi-source memory systems should not be limited to explicit dialogues.
Instead, it must learn from continuous observations of diverse user behaviors. As illustrated in Fig-
ure 1, this paradigm shift offers two critical advantages: comprehensive context completion and
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holistic preference perception. First, observations provide the “missing state” of a user that di-
alogue often omits. In Figure 1, while a dialogue-only system might suggest “Roast Beef” based
on general Sunday habits, it fails to recognize the user’s immediate physiological state. In contrast,
by observing a note about a recent 42km ride, a multi-source system can complete the context of
“intense physical exhaustion” and suggest a more appropriate option, “Acai Bowl”. Second, many
latent preferences are embedded solely in non-conversational interactions. For instance, the user’s
preference for “nuts after exercise” is recorded in a private note but never mentioned in past di-
alogues. Existing benchmarks, even those focusing on standalone streams of visual observations
Chandrasegaran et al. (2024); Yang et al. (2025b); Wang & Chen (2025); Long et al. (2025); Jiang
et al. (2025b), largely overlook the temporal and cross-source heterogeneity inherent in such frag-
mented mobile interactions, leading to a significant gap between laboratory evaluation and practical
agent deployment.

Motivated by these insights, we introduce Mo-
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MobileMem adopts an end-to-end evaluation protocol where systems are required to answer long-
horizon question-answer pairs after processing an entire interaction trajectory message-by-message.
This setup requires the memory system to autonomously organize, retrieve, and integrate infor-
mation across disparate sources and vast temporal gaps. Our empirical evaluations expose clear
limitations in existing memory baselines: current methods struggle significantly with heterogeneous
source integration and observation-based reasoning. These findings highlight a substantial gap be-
tween current benchmarking practices and the demands of real-world deployment, positioning Mo-
bileMem as a vital testbed for the next generation of personalized memory systems.

'All data are collected under signed agreements, with users consenting to public release, and undergo rig-
orous de-identification to ensure privacy.
’The data are sourced from a well-known mobile device manufacturer.



Paper published at the Lifelong Agent Workshop @ ICLR 2026

User-App Interaction User-Assistant Interaction
0 @ 229 @ ¥ 't 'U'
—. 800 = TODO £ (] 1
D g é LIJ — IR

Bill Voice Recorder Screen Memo Document Note To-Do List Calendar User Al Assistant
The user saves a document titled “Project Currently, I am looking to focus on two The user adds a to-do item: “Li Auto
Plan for Improving Internet Product main areas: health management and Service Appointment”
Operational Efficiency." skill upgrading. For my physical well- Details: My Li Auto vehicle has reached
Content: being, I plan fo exercise for at least 30 9,800 km. Based on the previous service
With the rapid development of the minutes every day by taking evening records and current mileage, I am
internet ... walks ... heading ...

®) (@

N7 X ‘
ENEREINED

0 ‘ & q:_() j i 7

v (=) (gn = i L/J \‘
The user records an event titled “Badminton Friendly Match The user creates a note: "New Product Direction”
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Figure 2: A user’s trajectory in MobileMem. It comprises 9 distinct sources categorized into
two primary interaction types: User-App Interaction and User-Assistant Interaction. The trajectory
contains heterogeneous content and maintains high logical consistency, effectively reflecting the
user’s personal profile.

2 CONSTRUCTION PIPELINE FOR MOBILEMEM

2.1 DESIGN PRINCIPLE

MobileMem is designed to evaluate memory systems in real-world mobile environments. To achieve
this goal, it follows these principles below:

Heterogeneity and Multi-Source. Real-world mobile environments include not only human-
assistant dialogues but also a complex ecosystem of third-party applications. User interactions
across these apps are inherently heterogeneous in both format and semantics. MobileMem is de-
signed to reflect this reality by requiring memory systems to process real-time message streams
originating from diverse application sources.

Observation and Participation-Based Interactions. In real-world mobile scenarios, users spend
the majority of their time interacting with various applications rather than directly engaging with an
Al assistant. To ensure a seamless user experience, an assistant equipped with a long-term memory
system must operate in a non-intrusive manner, learning from the user’s activities through pas-
sive observation rather than interrupting their workflow. Consequently, trajectories in MobileMem
are designed to interleave participation-based interactions (explicit human-—assistant dialogues) with
observation-based ones (passive monitoring of user—application interactions), reflecting the true na-
ture of an ambient intelligent assistant operating continuously in the background.

Realism-Guided Synthetic Data. In real-world mobile environments, user interactions naturally
contain a wide range of sensitive personal information Pentina et al. (2016). Collecting raw, unpro-
cessed logs from multiple apps poses significant privacy risks, including potential re-identification
and the exposure of confidential personal attributes Su et al. (2017); Tu et al. (2018). To mitigate
these concerns, MobileMem adopts a realism-guided construction paradigm.

2.2 PROBLEM FORMULATION

Each instance in MobileMem is formalized as a tuple (7, Q), where T represents the user’s interac-
tion trajectory, and Q = {(¢;, A,)} ‘j%l denotes the set of question-answer pairs associated with the



Paper published at the Lifelong Agent Workshop @ ICLR 2026

Initialize Graph with Return
Knowledge-Guided
Planner

-~
\

Expansion-

-~ e
= ~is o0 (v, ————{ v, v, ) Alternation until All Event
¢ ¥ 3 ] 00} L2 4
- q / < Nodes are Expanded
e N~

Add Edge e,

73
Expand Event Node (v, )
into a Session with Mark vy as ExPO"deV -
Experience Realizer /

Add Event v5

Figure 3: An illustrative example of KEME. For simplicity, the example shows a maximum
expansion depth of 1, and persona evolution operations are omitted. The process begins as the
knowledge-guided planner initializes a temporal event graph with nodes vy, v5 and edge e; based on
the initial user persona P. The knowledge anchor grounder then assigns inherited external sessions
Sapp to compatible event nodes within this initial graph. Following a topological order, the experi-

ence realizer expands an event node into a concrete session S!) by merging grounded anchors such

as Séll))r) and Se(lf))p. Based on this newly synthesized experience, the experience-driven reviser dy-
namically updates the remaining graph by adding a new event vs and edge es to maintain structural
richness. This expansion-refinement alternation cycle continues until all event nodes are expanded,
resulting in a coherent, long-horizon trajectory.

trajectory. Here, A; = {a,(cj )}L“ijll is the set of golden answers for question ¢;. In MobileMem, the

user trajectory is modeled as a stream of heterogeneous messages, which contains not only direct
human-assistant dialogues but also interaction logs with external applications. Typically, this contin-
uous stream is segmented into discrete sessions T = {S; }|J7:’|
criteria Wang et al. (2022); Xu et al. (2022); Wang et al. (2025d), where S; = {m\" }}%! represents
the j-th session containing a sequence of messages from the user, the Al assistant, or applications.

1 based on a predefined segmentation

For notational simplicity, we flatten the trajectory into a single sequence 7 = Flatten(7) =

{ml}‘;l1 Let M, denote the initial memory state. At step ¢ (¢ > 1), the system receives mes-
sage m; and updates the memory state to M; via

M, = Update(M_1,my, T'(my)), 1)

where Update(-) denotes the memory update mechanism and 7'(-) denotes the timestamp function.
We adopt an end-to-end strategy to evaluate the memory system, following previous memory bench-
marks Wu et al. (2025a); Chen et al. (2025). Specifically, For each question-answer pair (¢,.4) € Q,
the memory system generates an answer a based on the final memory state M|, which integrates
the information from the entire trajectory 7. The correctness is assessed against the reference set A
via LLM-as-a-Judge Gu et al. (2024).

2.3 SOURCES

As detailed in Figure 2, we consider two major categories of message sources. The first is user-app
interaction, where messages originate from user interactions with various external mobile applica-
tions. The second category is user-assistant interaction, consisting of direct conversations between
the user and an on-device Al assistant.

Regarding user-app interactions, we incorporate data from 7 apps (see Appendix A.1). Collectively,
they capture a broad spectrum of activities, ranging from information browsing (Screen Memo) and
professional documentation (Document) to personal scheduling (Calendar) and financial manage-
ment (Bill). Notably, the data collected from these apps exhibit significant heterogeneity in both
structural format and semantic depth. For example, a document may contain a structured, formal
project plan regarding operational efficiency, whereas a to-do list might consist of a brief, informal
task like a service appointment.
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2.4 PERSONA CONSTRUCTION

To ensure diversity and realism in user behavior, we construct personas based on real individuals
rather than purely synthetic profiles. We recruit volunteers with diverse demographic back-
grounds, spanning different occupations, cities, age groups, and personal interests. We define a
unified persona schema (see Figure 5) that includes attributes such as basic demographics, profes-
sional background, lifestyle patterns, and personal preferences. All persona profiles are collected
through interviews conducted by the data source’s staff.

For privacy protection, sensitive attributes are anonymized and adjusted while preserving their be-
havioral roles. As a result, the constructed personas remain realistic while not corresponding to any
identifiable real individuals.

2.5 USER-APP INTERACTION SYNTHESIS

We collect interaction trajectories from volunteer smartphones over a one-month period. To strictly
adhere to application service agreements and privacy standards, our data collection process is de-
signed to record only app usage statistics and associated metadata, explicitly bypassing raw interac-
tion content. The trajectories also incorporate user-centric context, including geographic location,
Bluetooth connectivity, and network status. Following anonymization, we synthesize the specific
semantic content of user-app interactions based on the collected trajectories.

To synthesize the semantic content for memory system evaluation, we must first define the percep-
tion interface between applications and memory systems. Unlike existing Graphical User Interface
(GUI) agents typically rely on screen-transition sequences Tang et al. (2025), we argue that a ma-
ture on-device memory system should operate on a safer, low-redundancy interface. Consequently,
we simulate a protocol-based app-mediated perception (see the related discussion in Appendix D.1)
environment for our data generation of user-app interactions. Instead of synthesizing raw screen-
shots, we assume that each app actively transmits structured messages to the memory system via a
specific protocol, deciding which interactions are meaningful and secure to record. For example, in
our simulation, a voice memo app sends transcribed text via a lightweight speech recognition model,
while a to-do list uses rule-based triggers to report the creation or completion of tasks. Guided by
this protocol-based design, we establish a perception protocol and predefined message template for
every application in the dataset (see Appendix A.2). For each user, we define a topic distribution
for every app based on his or her persona and trajectory. Beyond this, we assign specific temporal
distributions for calendars and to-do lists, and word-count distributions for notes to reflect realistic
usage habits. LLMs then generate specific interaction content through few-shot prompting, taking
a trajectory, an app schema, and a persona profile as inputs. A notable exception is the synthesis of
screen memos, which we construct using the Wikipedia API®.

3 KEME: KNOWLEDGE-GUIDED EXPERIENCE SYNTHESIS FOR EVOLVING
MEMORY

The synthesis method described in Section 2.5 provides realism-guided synthetic user-app session
data. However, these sessions are fragmented and lack both long-term coherence and participation-
based human-—assistant interactions. To bridge this gap, we propose KEME, a knowledge-guided
experience synthesis framework designed to construct evolving lifelong trajectories.

KEME treats the fragmented user-app sessions as foundational knowledge anchors that reflect what
has already occurred and must be preserved. Guided by user persona knowledge and temporal
constraints, KEME hierarchically organizes these anchored sessions into a unified interaction
stream, while progressively synthesizing human-assistant interactions that naturally emerge
as the user’s experiences unfold over time.

Beyond trajectory synthesis, KEME integrates a bottom-up synthesis algorithm to produce high-
quality question—answer pairs, enabling the systematic evaluation of memory systems under realistic
and multi-source scenarios.

Shttps://wikipedia-api.readthedocs.io/en/latest/API.html#wikipedia
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3.1 FORMALIZATION AND DATA MODELS

We formalize the synthesis process as a two-stage pipeline. In the first stage, given an initial user

persona Pgart, a set of knowledge anchors KC (instantiated as user-app sessions {Sé;)p} N |, where N
denotes the total number of available sessions), and a time horizon [T, Tena], KEME generates a
long-horizon, evolving trajectory 7. In the second stage, the framework constructs a set of question-
answer pairs Q based on the synthesized trajectory 7, the final user persona P4, and an initial
question type tool book Bggart-

To ensure robustness and facilitate automatic validation, KEME defines a suite of data models based
on Pydantic*. The agents in our framework interact with these models through explicit tool calls,
which allows for creation, modification and deletion of these data models. Appendix B.1 and B.2
provide full details.

3.2 CLOSED-LOOP TRAJECTORY SYNTHESIS WITH ANCHORED KNOWLEDGE AND
EVOLVING EXPERIENCE

The trajectory construction in KEME is organized as a closed-loop process centered on two prin-
ciples: top-down knowledge guidance and bottom-up experience evolution. This design enables
long-horizon coherence under anchored knowledge while progressively unfolding a person’s evolv-
ing experiences over time. Operationally, KEME instantiates this loop with four specialized agents:
a Knowledge-Guided Planner Apian, a Knowledge Anchor Grounder Aground, an Experience Real-
izer Arealize, and an Experience-Driven Reviser A,evise- Figure 3 shows an illustrative example of the
closed-loop trajectory synthesis process. Algorithm 1 outlines the end-to-end trajectory construction
pipeline.

Top-Down Knowledge Guidance. Trajectory synthesis starts from a root node r that represents
the initial persona Psta,t, together with a time horizon [Tytart, Tend] and a set of knowledge anchors
K. Given (Pstart, [Tstars, Tend]), the knowledge-guided planner A1, constructs a root-level tem-
poral event graph G(") = (V(") £(")) that partitions the horizon into a small set of coarse-grained
life events. Each event is required to be temporally valid® and semantically compatible with the
persona.

The planner then expands the graph in a recursive manner reflecting the hierarchical structure of
human experiences. Each event node n can be further expanded into either a finer-grained temporal
sub-event graph G(™) or a leaf-level session S(™, thereby forming a multi-level decomposition from
coarse life phases to concrete interactions. The expansion strategy depends on the hierarchy depth
(other strategies are provided in Appendix B.3). If the current depth reaches dy,..°, events are
expanded into sessions, whereas at shallower depths events are expanded into sub-event graphs. At
every recursion level, the parent node’s temporal boundaries and semantic constraints (see related
details in Appendix B.1.3), together with the current persona state, define the admissible space for
descendant synthesis.

Knowledge anchors are integrated through a grounding step whenever the current parent node u
carries anchored sessions /C(*). Specifically, the knowledge anchor grounder Aground assigns each
anchored session in (") to a compatible event node in the corresponding graph G(*), where compat-
ibility requires that the event time interval fully contains the session interval. When no compatible
event exists, the agent revises G(*) so that every anchor becomes groundable. For each event re-
ceiving anchors, the grounded content is summarized into an event-level compatibility context. This
context is propagated to subsequent expansions as a non-contradiction constraint, ensuring anchored
knowledge is preserved throughout the hierarchy and preventing synthesized human-assistant inter-
actions from conflicting with the grounded sessions.

Bottom-Up Experience Evolution. Given a temporal event graph, the knowledge-guided planner
Aplan €xpands event nodes by following a topological order. Importantly, each expansion produces

4https ://github.com/pydantic/pydantic
Sts start and end timestamps must lie within the parent node’s time horizon.
SWe define the depth of the root node to be 0.
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new concrete outcomes and constraints that are not fully available at planning time. Therefore,
after expanding an event, the experience-driven reviser A evise Updates the remaining unexpanded
parts of the corresponding graph. Concretely, A,qyise may add, remove, or adjust future events and
dependency edges, to reflect implications of the newly synthesized experience. These refinements
aim to resolve emerging inconsistencies, prevent unnatural future transitions, and increase structural
richness. This expansion-refinement alternation forms a bottom-up feedback loop that continually
revises the graph as new experiences are synthesized.

At the leaf level, the experience realizer A,ca1i, produces concrete sessions. If an event has grounded
external sessions, the anchored content is directly adopted as the event outcome, or merged when
multiple anchors are assigned, thereby preserving the immutability of anchored knowledge. Other-
wise, Aealize Synthesizes natural human-assistant dialogues that are consistent with the event context
and all inherited constraints. Beyond generating interactions, sessions also drive persona evolution.
We represent a persona as a set of dimension-wise attributes with explicit version histories, where
each attribute version maintains message-level evidence links. Attributes are initially unrevealed in
the sense that they have no linked evidence. During session synthesis, only user or system messages
are allowed to be linked to persona attributes, turning them into evidence-grounded revealed states.
Moreover, if the realized experience implies genuine state changes, such as updated preferences,
new goals, or revised habits, the corresponding attributes are updated at the end of the session and
recorded with explicit operation logs. Consequently, the synthesized trajectory not only maintains
long-horizon coherence under anchored knowledge, but also captures how a person’s experiences
incrementally reshape future events and progressively disclose and update the persona over time.

3.3 QUESTION-ANSWER PAIR SYNTHESIS

The entire trajectory construction process can be conceptualized as the generation of a hierarchical
tree structure. To fully leverage this hierarchy, KEME employs a bottom-up algorithm for question-
answer pair synthesis. Starting from an initial question type tool book Bgiart, the agent traverses
from leaves to the root. At each leaf node, the agent generates question-answer pairs based on
the corresponding trajectory segment. At each internal node, the agent synthesizes complex, cross-
session questions using child pairs Qcphjgq from its children as building blocks. Unused child pairs
are randomly sampled and passed upward along with the new complex pairs. During synthesis, the
agent can dynamically extend the question tool book with new question types.

3.4 QuUALITY CONTROL

We implement a multi-staged quality assurance pipeline to ensure the reliability of the synthesized
data. We first conduct manual spot-checks on the outputs across different agents. Benefiting from
the meticulously fine-tuned prompts and built-in automatic verification of KEME, the quality of
generation is consistently high. To further refine the trajectory data, we merge overlapping sessions
caused by simultaneous independent events and perform author-led manual inspection. For question-
answer pairs, LLMs are leveraged to verify the sufficiency of supporting evidence and identify
questions with high similarity to previously assessed pairs. The instances identified as low quality or
redundant undergo an LLM-driven rewriting process. Finally, a manual inspection is performed to
eliminate any potential artifacts. Figure 4 demonstrates some question-answer pairs in MobileMem.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We conduct our experimental evaluation on the MobileMem benchmark to assess a range of memory
management approaches. The methods compared include naive RAG Lewis et al. (2020) alongside
several specialized memory frameworks: MemO Chhikara et al. (2025), LangMem (LangChain,
2025), and A-Mem Xu et al. (2025). To ensure robustness across different model architectures,
each approach is implemented using two distinct LLM backbones: GPT-40-mini OpenAl (2024)
and Qwen3-235B-A22B-Instruct-2507 Yang et al. (2025a). All methods utilize all-MiniLM-L6-v2’
model for text embedding. The number of retrieved memory units is fixed at 30.

"https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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Method  Single-Hop Multi-Hop Temporal Reasoning Relationship Query-Focused Summarization Adversarial Others Overall

® GPT-40 mini
NaiveRAG 54.15 35.29 39.13 44.74 16.44 74.19 52.89 48.95
LangMem 36.31 29.02 25.00 44.74 13.70 78.23 49.04 38.02
A-MEM 53.08 38.04 35.87 36.84 17.81 68.55 53.85 48.13
Mem0O 38.46 27.06 17.39 34.21 10.96 78.23 46.15  37.50
3% Qwen3-235B-A22B-Instruct-2507
NaiveRAG 53.54 35.29 40.22 36.84 16.44 76.61 56.73  49.03
LangMem 36.62 22.75 27.17 26.32 10.96 66.94 49.04 3540
A-MEM 52.31 35.69 34.78 34.21 19.18 68.55 54.81 4731
Mem0O 43.85 31.37 25.00 39.47 15.07 78.23 37.50 41.17

Table 1: End-to-end question-answering performance of baselines. Two LLM backbones, GPT-
40 mini and Qwen3-235B-A22B-Instruct-2507, are used. Due to space limitations, the six most
frequent question types are displayed, while the remaining question types are grouped into “Others”.

4.2 MAIN RESULTS

As shown in Table 1, a surprising observation is that sophisticated state-of-the-art memory sys-
tems struggle to outperform a simple RAG baseline on MobileMem. Even the best-performing
approach, RAG, only achieves an average accuracy of approximately 49.03%, failing to reach the
50% threshold. This significantly lower performance compared to existing benchmarks, such as
LongMemEval, highlights the substantial challenges posed by the heterogeneous and multi-source
nature of our dataset.

Regarding the impact of the LLM backbone, we observe that the underlying model’s capability af-
fects the performance of different systems to varying degrees. Notably, the performance variance
between Qwen3-235B-A22B-Instruct-2507 and GPT-40 mini is minimal for RAG (a marginal dif-
ference of 0.08% on average), whereas it is most pronounced for Mem0. This is because the memory
construction process of RAG primarily depends on the fixed retriever rather than the LLM. In con-
trast, advanced memory frameworks like MemO and A-MEM rely heavily on the LLM for complex
tasks such as memory extraction and condensation making the LLM’s reasoning capability a critical
bottleneck for these systems.

Looking at performance across question categories, all baselines consistently achieve their high-
est performance on adversarial questions. This suggests that existing memory systems, benefiting
from the reduced hallucination tendencies of modern LLMs, possess a robust capability to iden-
tify unanswerable queries. RAG demonstrates its strength in single-hop and relationship-related
questions, where direct retrieval often suffices for a correct response. However, A-MEM outper-
forms RAG in multi-hop reasoning and query-focused summarization. This advantage stems from
A-MEM’s graph-structured memory architecture, which dynamically establishes links between dis-
parate memory units and allows the memory content to evolve. Such a mechanism allows the system
to integrate information from multiple sources in a more effective and principled manner than non-
graph-structured baselines.

4.3 ANALYSIS

Our error analysis focuses on the baselines using GPT-40 mini as the backbone. We categorize
memory failures into three distinct stages: memory construction, memory retrieval, and re-
sponse generation. We observe that for complex memory systems like Mem(O and LangMem,
memory construction is the primary bottleneck, accounting for 71.02% and 68.96% of total failures,
respectively. In contrast, A-MEM exhibits a significantly lower construction error rate of 34.63%.
This disparity primarily stems from the fact that Mem(O and LangMem support memory deletion
operations. The erroneous removal of information during the update process leads to the permanent
loss of salient details. A-MEM avoids this pitfall as it does not implement a deletion mechanism.
In sharp contrast, vanilla RAG exhibits a 0% memory construction error, as it directly indexes raw
interaction logs. Consequently, for both A-MEM and RAG, the burden shifts to the retrieval stage,
which becomes the dominant failure mode, accounting for 59.31% and 94.13% of their errors, re-
spectively. Ultimately, compared to vanilla RAG, other memory systems introduce an extraction
module for information processing, which inherently increases the risk of memory construction er-
rors.
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Finally, across almost all baselines, the response stage consistently accounts for the smallest error
fraction (< 6.1%). This suggests that once the relevant context is correctly retrieved, the underlying
LLMs are generally robust enough to generate accurate answers, further confirming that the core
challenge of long-term AI memory lies in the efficient management and retrieval of information
rather than the final reasoning step.

5 RELATED WORK

LLM Memory. Existing work on LLM memory approaches Liu et al. (2025a); Mei et al. (2025);
Zhang et al. (2024); Hu et al. (2025b) can be broadly divided into non-parametric and parametric
approaches. Non-parametric memory equips LLMs with external storage, allowing them to read
from and write to this storage for managing and utilizing memory LangChain (2025); Zhong et al.
(2024); Packer et al. (2023); Chhikara et al. (2025); Xu et al. (2025); Li et al. (2025); Kang et al.
(2025); Wang & Chen (2025); Fang et al. (2025b); Ouyang et al. (2025); Fang et al. (2025a); Wang
et al. (2025a); Latimer et al. (2025); Yan et al. (2025a); Wu et al. (2025¢); Du et al. (2025a). Para-
metric memory instead performs read—write operations on the model’s own internal states Wang
et al. (2024); Behrouz et al. (2024); Sun et al. (2025b); Wang et al. (2025b); He et al. (2025); Lin
et al. (2025); Bini et al. (2025); Wei et al. (2025). Recently, several studies have applied reinforce-
ment learning to improve memory management and usage in both non-parametric Yan et al. (2025c);
Wang et al. (2025¢) and parametric settings Zhou et al. (2025); Zhang et al. (2025b).

Memory Benchmark. LoCoMo Maharana et al. (2024) serves as one of the earliest and most
widely used benchmarks for evaluating long-term memory in LLMs. Building on this foundation,
later benchmarks such as LongMemEval Wu et al. (2025a) and MemBench Tan et al. (2025) broaden
the evaluation scope by adding new types of question—answer pairs and lengthening user trajecto-
ries. Another line of work improves the quality of trajectories, aiming for higher realism Kim et al.;
Lee et al. (2025) or greater diversity Hu et al. (2025a). Notably, ScreenshotVQA Wang & Chen
(2025) models each user trajectory as a stream of screenshots. Complementary datasets such as
PersonaMem Jiang et al. (2025a) and MemGuide Du et al. (2025b) shift the focus to specific ap-
plication scenarios. Furthermore, EgoLifeQA Yang et al. (2025b) and TeleEgo Yan et al. (2025b)
emphasize the evaluation of memory within multimodal scenarios. More recently, HaluMem Chen
et al. (2025) advances the evaluation methodology by introducing operation-level hallucination anal-
ysis, enabling a more fine-grained assessment of memory performance. To the best of our knowl-
edge, no existing benchmark systematically evaluates memory in multi-source contexts that combine
participation-based user—assistant interactions with observation-based information arising from user
engagements with third-party applications.

6 LIMITATIONS

This work has several limitations. First, while MobileMem is designed to model long-horizon and
heterogeneous memory usage, the current benchmark remains limited in temporal scale and overall
size, and does not yet incorporate rich multimodal signals such as images, audio, or sensor data.
Extending the duration, scale, and modality coverage of MobileMem is an important direction for
future work, and we plan to continuously expand and maintain the benchmark to better reflect real-
world assistant usage. Second, our empirical evaluation covers a limited set of LLM backbones and
memory systems. Although the selected models are representative of current approaches, broader
evaluation across a wider range of architectures and memory designs would provide a more com-
prehensive understanding of memory system behavior. We leave this to future work.

7 CONCLUSION

We introduce MobileMem, a benchmark for evaluating memory frameworks in real-world mobile
environments. Unlike prior benchmarks, MobileMem focuses on long-horizon, real-world mobile
scenarios. Our results show that existing memory systems struggle to perform well, underscoring
the need for powerful long-term memory frameworks.
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ETHICS STATEMENT

The development of MobileMem adheres to strict ethical standards regarding data collection and
dissemination. All data used in MobileMem are obtained under signed agreements, with explicit user
consent for public release. Sensitive information is rigorously anonymized or modified to prevent
identification of individuals.

In addition to real-world data, MobileMem includes synthetic behavior traces generated with LLMs
to augment coverage of plausible user actions. All such synthetic data are carefully reviewed and
curated by humans to ensure quality, realism, and consistency with the grounded user personas.

To ensure privacy and compliance with ethical standards, all user-persona grounding interviews and
application interaction traces are reviewed by the Institutional Review Board (IRB) of the data-
providing organization. MobileMem is released under the MIT License, with clear documentation
and anonymization measures, and users are encouraged to uphold these privacy safeguards in down-
stream research.

By combining careful anonymization, human-verified synthetic data, IRB oversight, and controlled
release, we aim to facilitate research on long-term, multi-source memory in LLMs while maintaining
strong ethical standards and respect for user privacy.
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A  DATASET

A.1 MOBILE APPLICATIONS IN MOBILEMEM

MobileMem involves 7 representative mobile apps. Most of them are system-level or pre-installed
apps that naturally support persistent, long-term user memory across daily activities. Table 2 outlines
the functionality of each app.

App Description
A financial management tool that automatically records income and expen-
Bill diture transactions, providing automated categorization for different pay-
ments.

An audio logging tool for capturing events and spontaneous thoughts via

Voice Recorder . 02 . ) .
voice, facilitating on-the-fly information recording.

A visual memory utility that automatically extracts and archives on-screen

Screen Memo . o
text content upon a user-triggered activation.

A comprehensive document utility capable of scanning, viewing, editing,

Document translating, converting formats, and storing files.
Note A digita! notebook foy documenting personal thoughts, reflections, daily
observations, and cherished moments.
Calendar A ti.me-man.agement application that engb!gs users to schedule events, or-
ganize appointments, and plan future activities.
To-Do List A task management tool for organizing pending duties and setting timely

reminders to track deadlines and completion status.

Table 2: The descriptions and functionalities of mobile applications included in MobileMem.

A.2 APP-SPECIFIC PERCEPTION PROTOCOLS AND MESSAGE TEMPLATES

To construct our dataset, we define a specific perception protocol for each application to ensure that
the memory system receives structured, high-quality information. Each application implements a
lightweight perception module that processes interactions locally and generates a natural-language
message based on a predefined template. Below, we detail the perception protocols and the corre-
sponding message templates for the applications used in MobileMem.

A.2.1 VOICE RECORDER

Protocol: The Voice Recorder app integrates a lightweight on-device Automatic Speech Recogni-
tion (ASR) system. Upon the completion of a recording, the app calculates the audio duration and
transcribes the speech content into text.

Message Template:
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The user records a voice memo (Duration: [Duration]
seconds) : [Transcript]

A.2.2 CALENDAR

Protocol: The Calendar app triggers a message transmission whenever a user creates an event,
extracting temporal details and reminder settings.

Message Template:

The user records an event ‘‘[Title]’’ in the calendar.
The details are as follows:

Event Description: [Description]
Start Time: [Start Time]

End Time: [End Time]

Reminder: [Reminder Details]

A.2.3 To-Do LisT

Protocol: The To-Do List app employs a state-aware protocol using rule-based triggers. It detects
whether a task is being created or marked as completed and generates the message accordingly.

Message Template:
The user [adds / completes] a to-do item: WV [Title]''
Details: [Details]
Due: [Due Date]
Priority: [Priority Level]
Status: [Finished / Unfinished]
A.2.4 BILL

Protocol: The Bill app extracts transaction details and utilizes a classification model to determine
the specific category of the expenditure (e.g., medical, dining). It automatically maps these classified
categories to natural language descriptions and formats monetary values with their corresponding
currencies.

Message Template:
A transaction record is generated between user and
[Merchant].
Product: [Product Name]
Amount : [Value] [Currency]
Transaction Type: [Income / Expense]
Category: [Category Name]
Payment Method: [Payment Method]
A.2.5 NOTE

Protocol: The Note app perception module triggers when a user saves a text note, directly transmit-
ting the full content and title to the memory system without summarization.

Message Template:
The user creates a note: ‘Y [Title]' !
Content: [Content]

A.2.6 DOCUMENT

Protocol: The Document perception module triggers when a user saves a document file. It automat-
ically extracts file metadata (such as page count and format) and parses the document content.
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Message Template:
The user saves a document titled ‘' [Title]’’.
Content:
[Content] Topic: [Topic]
Format: [File Format]
Pages: [Page Count]

A.2.7 SCREEN MEMO

Protocol: The Screen Memo perception module is manually triggered when the user presses a spe-
cific button. It utilizes a system composed of multiple neural networks to perform Optical Character
Recognition (OCR) on the current screen. The system extracts the textual content while preserving
its original spatial layout. Note that in our dataset, all visual imagery is filtered out.

Message Template:

The user views the following content on phone:
[Content Text]
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Relationship-Related

Adversarial

Question: Whom did the user mention he sends funny short
videos to more often?
A. Colleagues in the team group

B. Hi's wife Source Evidences:
C. His parents . g » H
D. Clients User: I mainly watch comedy ... I'll send the

good ones to my wife to see her reaction,
but I rarely post in the work group ...

Answer: B. His wife Timestamp: 2024.12.09 21:07:43

Single-Hop

Question: How many minutes does the user's commute from
home to work usually take?

Answer: There is currently not enough information to determine
the exact duration.

Temporal-Reasoning

Question: What was the original deadline for the task
‘Complete a deep analysis article on Al technology

Question: Among the transportation expenses on 2024-11-23,
what was the payment method for the user's ‘Haidian Zhixing
Parking Lot" bill?

A. WeChat Pay

B. Alipay Source Evidences:
C. Cash
D. Bank Card Bill: A billing record is generated between the

user and Haidian Zhixing Parking Lot. Ifem: ...
Payment Method: Cash

Answer: Cash Timestamp: 2024-11-23 17:1%:00

trends' created by the user?

On which day after that  Source Evidences:

was it actually marked as  Note: The user adds a to-do item:
completed? (Just answer ‘Complete a deep Analysis Article on AT

with the dates) Technology Trends'
Due: 2024-11-20 00:00:00 ...
Timestamp: 2024-.11.13 00:00:00

Note: The user completes a to-do

item: ‘Complete a deep Analysis

Article on AT Technology Trends' ...
k p: 2024.11.21

Answer:
Deadline: 2024-11-20;
Completed on 2024-11-21

Multi-Hop

expenditures (e.g., replacing their car

to prioritize in their budget allocation?
Answer: Health-related investments

experience/growth-oriented Investments
(e.g., travel experiences)

or purchasing a home) in the second half of
the year, which two categories do they intend

(e.g., courses, equipment upgrades, fitness) and

Question: Under the premise that the userand his spouse have no plans for major

Source Evidences:

User: ... Among our discretionary spending,
travel and fitness have seen the most
significant increases ...

Timestamp: 2024-07-20 10:13:00

User: ... We are more interested in
modestly increasing our monthly
investment in health, such as occasional
courses or equipment upgrades ...
TiMeskaMF: 2024-07-20 10:16:1%

Figure 4: Question-answer pair examples in MobileMem. We design six main types of question-
answer pairs to evaluate Al memory system performances in single-hop recall, multi-hop reasoning,
temporal reasoning, relationship understanding, query-focused summarization, and unanswerable
question recognization. The question formats include single-choice, multiple-choice, and open-
ended. Due to space limitations, query-focused summarization question-answer pairs are not dis-
played in the figure.
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Figure 5: The persona profile schema used in MobileMem. This schema provides a holistic
and multi-dimensional representation of a user by integrating 17 foundational aspects. Each aspect

encompasses a diverse set of specific attributes, providing a granular characterization that ensures
the synthesized trajectories are grounded in realistic and consistent behavioral logic.
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B IMPLEMENTATION DETAILS OF KEME

B.1 DATA MODELS AND TOOLS

To ensure its reliability, KEME represents all intermediate artifacts as Pydantic models, enabling
explicit validation and ensuring strictly structured outputs® across the entire pipeline. Below, we
detail the data models and related tools used in KEME.

B.1.1 PERSON

Function: Person is the global state of a trajectory. It specifies the global time horizon and
maintains an evolving global user profile composed of multiple dimension models. The model also
stores the knowledge anchors associated with this user.

Related Tools: The person profile is updated through session-level tools that (i) revise a dimension
attribute while recording operation logs and timestamps, and (ii) link user or system messages to
specific attributes as evidence, thereby making attribute disclosure traceable.

B.1.2 REQUIREMENT

Function: Requirement represents an explicit, provenance-tracked constraint that conditions
downstream synthesis decisions. Beyond simply propagating context, it serves as a minimal, ac-
tionable specification of (i) what must hold in future expansions (e.g., logical constraints), (ii) what
goals or follow-ups should be introduced, and (iii) what user-state changes are expected to occur
after certain experiences. Each requirement includes an identifier and name, a detailed description,
a source field that records its origin (person profile, an upstream event’, or an agent'’), as well as
a short source evidence snippet and optional side notes. This design makes constraints inherita-
ble, and auditable, enabling top-down guidance and refinement-driven evolution without requiring
full-context replay at every step.

Related Tools: Requirements are not edited through a standalone tool. Instead, they are created,
copied, and revised when constructing or refining a temporal event graph.

B.1.3 EVENT

Function: Event is a time-bounded semantic unit in the trajectory hierarchy. It constrains down-
stream expansion semantically through its title, summary, and requirements (Requirement), and
temporally through its time span. An event may also carry knowledge anchors and a compatibility
context. Both act as additional semantic constraints by preserving anchored facts that future expan-
sions must stay compatible with. During synthesis, the state field indicates the expansion status, and
the output field stores the expansion result as either a leaf session or a child temporal event graph.

Related Tools: Events are created and revised indirectly through temporal event graph tools used
in graph construction and refinement. Grounding-related tools assign knowledge anchors to events
and update the compatibility context. Event expansion tools write the expansion result to the event
output and update the event state.

B.1.4 EDGE

Function: Edge encodes a directed dependency between two sibling events, with a concise name
and references to the source and target event (Event). Edges impose temporal ordering and define
the expansion order.

8https://platform.openai.com/docs/guides/structured-outputs?api-mode=chat

° An upstream event refers to either an ancestor event in the hierarchy or a predecessor sibling event con-
nected by a dependency edge in the temporal event graph. In the latter case, the edge indicates that outcomes
or constraints from the predecessor should constrain the successor.

10 Agent-sourced requirements are additional constraints intentionally introduced by the synthesis agent to
improve coherence and evaluation difficulty, such as narrative requirements, anticipated person-state changes,
emergent follow-up goals, logical implications, or conflict resolutions.
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Related Tools: Edges are manipulated indirectly through tools that construct or refine a temporal
event graph. These tools allow for adding, revising, and removing edges as part of maintaining a
coherent acyclic dependency structure.

B.1.5 TEMPORAL EVENT GRAPH

Function: Temporal Event Graph organizes a set of sibling events into a directed acyclic
graph within the same hierarchy level. It provides the structural constraints that govern synthesis,
including the event (Event) set, dependency edges (Edge), and a graph-level state that controls the
workflow from graph initialization to session grounding and event expansion. The acyclic depen-
dency structure defines valid expansion order and supports topological selection of the next event to
expand.

Related Tools: The temporal event graph is created and maintained through graph construction and
refinement tools. These tools initialize events and edges, revise unexpanded events and dependen-
cies. During synthesis, grounding-related tools allocate knowledge anchors to compatible events
within the graph, and event expansion tools iteratively expand events until the graph is completed.

B.1.6 MESSAGE

Function: Message is the atomic interaction record. It stores a unique identifier, sender name,
role, natural-language content, and a timestamp. It also includes optional metadata which can attach
auxiliary information.

Related Tools: Messages are not created in isolation. They are instantiated as part of session
creation tools. User or system messages are eligible to be linked as evidence for persona attributes
through session-level linking tools.

B.1.7 SESSION

Function: Session is the leaf-level semantic unit of the trajectory. A session includes a unique
identifier, an optional event identifier linking it to its parent, and an ordered list of messages
(Message). Sessions also carry optional side notes for explaining narrative intent and outcomes.

Related Tools: Session tools create a session under the parent semantic and temporal constraints,
update the person profile, and link selected user or system messages to persona attributes as evi-
dence.

B.2 RULES AND FEEDBACK ENGINEERING

To further improve the robustness, controllability, effectiveness, and traceability of KEME, we build
explicit rules and human-readable feedback into every tool invocation. These rules constrain the
agent’s action space and provide actionable diagnostics when violations occur. For example, when
initializing a temporal event graph for a parent node, the system validates requirement provenance.
It also checks that every event’s time interval is fully contained within the parent’s time span. During
graph edits, newly added dependency edges are checked for strict temporal consistency enforcing
that the source event ends no later than the target event begins. Events that have already been
expanded are treated as immutable to prevent inconsistencies with their expansion results. More-
over, during refinement, the system prohibits deleting events that contain grounded knowledge an-
chors, ensuring anchored evidence is preserved. We further bound graph complexity by enforcing a
minimum and maximum event count (Muyin, Mmax) i graph-related tools, preventing both under-
specified and over-fragmented graph structures.

Whenever a rule is violated, the tool returns clear error messages that pinpoint what goes wrong and
why, enabling reliable self-correction and stabilizing the overall synthesis process. Without these
rules and feedback, weaker models can easily fall into degenerate loops by repeatedly producing
the same outputs, while even stronger models may occasionally generate results that violate the
constraints specified in the prompts.
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B.3 EXPANSION STRATEGIES

In the main text, we describe a depth-based expansion strategy where the transition from event
graphs to concrete sessions is governed by a maximum hierarchy depth d,.x. To further enhance
the flexibility and realism of KEME across diverse temporal scales, we provide three alternative
strategies to determine when an event node n should be realized as a session S(") rather than being
further decomposed into a sub-event graph G().

B.3.1 DETERMINISTIC DURATION-BASED STRATEGY

This strategy is grounded in the heuristic that human interactions have an intrinsic temporal granu-
larity. If an event’s duration ¢ falls below a predefined minimum threshold 7},y, it is considered too
granular to be further subdivided and is directly converted into a concrete session.

B.3.2 STOCHASTIC PROBABILITY-BASED STRATEGY

Recognizing that the transition from broad life events to specific interactions is often non-linear and
fuzzy, we introduce a stochastic transition mechanism. For events with a duration ¢ between a lower
bound T1yin, and an upper bound T,.«, the probability of transitioning to a session p(t) follows a
decaying exponential function, controlled by a temperature-like scaling factor 7:

17 t < Tmin
p(f) = exp (_Hﬂ%) ) Tmin S t < Tmax .
07 t 2 Trnax

In this formulation, T},.x serves as a hard constraint to ensure that extremely long-horizon events
(e.g., “a three-month project”) are mandatory candidates for further decomposition, preventing the
generation of unnaturally long or semantically overloaded single sessions.

B.3.3 LLM-DRIVEN ADAPTIVE EXPANSION

Beyond fixed temporal heuristics, KEME can leverage the latent reasoning capabilities of LLMs to
make context-aware decisions. In this strategy, the knowledge-guided planner A}, evaluates the se-
mantic density and the complexity of the current event. This allows for an adaptive hierarchy where
simple, routine tasks (e.g., “ordering a coffee”) are realized as sessions immediately, while com-
plex, multi-faceted activities (e.g., “planning a wedding”) are expanded into deep sub-hierarchies
regardless of their absolute duration or depth.

B.4 ProMPTS USED IN KEME

The prompts used in KEME consist of several components, including system-level prompts, task
instructions, tool schemas and their runtime feedback, as well as data model schemas.

Given the large number and complexity of these prompts, we do not enumerate them exhaustively in
this appendix. Instead, we refer interested readers to the released source code for complete prompt
specifications and implementation details.

B.5 SYNTHESIS SETTINGS

We implement KEME based on AgentScope Gao et al. (2025). The model used for trajectory syn-
thesis is GPT-4.1 OpenAlI (2025a), while GPT-5.2 OpenAl (2025b) is employed for question—answer
pair generation and quality verification. During trajectory synthesis, we adopt a depth-based expan-
sion strategy, where the maximum expansion depth d,,,x is set to 2. This means that when a node
depth reaches 2, it can only be expanded into a session. For each temporal event graph, the minimum
and maximum numbers of events, myi, and Myax, are set to 1 and 15, respectively. The maximum
number of tokens for the compatibility context of each event is set to 8,000. If this limit is exceeded,
summarization based on GPT-4.1 is applied to reduce the token count. The temperature parameter
is fixed at 1.0 throughout all stages.
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Algorithm 1 Closed-Loop Trajectory Synthesis in KEME

Require: Initial persona Pgta,t, trajectory’s time horizon [Tytart, Tena], knowledge anchors &, max-
imum depth d,,ax, event-count bounds (Mmin, Mmax)
Ensure: Synthesized trajectory 7T, final persona Penq

I: 7 < Pstart > Set root node to the initial persona
2: r.start < Typart, 7.end < Tong > Each node has its start and end timestamps
B r kK > Each node has a set of corresponding knowledge anchors
4: P Pstart, T+ @
5: G « EXPANDNODE(r, P, 1)
6: Pena < P
7: return (7, Pena)
8: function EXPANDNODE(u, P, d)
9: g(u) — Aplan(uv P7 d; Mmin, mmax)
10: for all k € u.KC do
11: g Aground(u, P,G ("), k; Muin, mmax) > The knowledge anchor grounder may

revise G(¥
12: end for

13: while EXISTSUNEXPANDEDNODE(Q(“)) do > Enter expansion-refinement alternation
14: v + NEXTNODEINTOPOORDER(G(*))

15: if d = dpax then

16: (S, P) + Acealine(v, P) > The experience realizer may update persona
17: Attach S() as the output of v and mark v as expanded

18: T+ TUu{SW}

19: 0, + S

20: else

21: G <« EXPANDNODE(v, P,d + 1)

22: Attach G(*) as the output of v and mark v as expanded

23: 0y < G

24: end if

25: g(u) <~ Arevise(ua P7 g(u)’ U, Oy; Mmin, mmax)

26: end while
27: return G(¥)
28: end function

29: function EXISTSUNEXPANDEDNODE(G)
30: return true iff G contains an event node whose output is not finalized
31: end function

32: function NEXTNODEINTOPOORDER(G)
33: return the next unexpanded node selected by a topological order induced by G
34: end function

C ADDITIONAL ANALYSIS

C.1 IMPACT OF PROFILE SCHEMA GRANULARITY ON TRAJECTORY DIVERSITY

To study how profile schema complexity affects trajectory diversity, we define two reduced-
dimension profile schemas by down-selecting dimensions from the original schema while preserving
broad life-domain coverage. We refer to the original schema as a fine-grained profile schema (17
dimensions), and the two reduced variants as medium-grained (8 dimensions) and coarse-grained (6
dimensions). We randomly sample three persona seeds from PersonaHub Chan et al. (2024) and use
GPT-4.1 OpenAl (2025a) to incrementally expand each seed into the fine-grained schema. Other
schemas are then derived directly from the resulting fine-grained profile.

For trajectory synthesis, we set the maximum number of events to my,x = 10 to reduce cost,
and use an LLM-driven adaptive expansion strategy with a depth cap (event nodes at the maximum
depth are forced to be realized as sessions), which typically produces shorter trajectories than non-
LLM-driven alternatives. Following prior work Zhang et al. (2025¢c), we measure diversity on user
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messages using lexical diversity (the distinct bigram ratio computed as the number of unique bigrams
divided by the total number of bigrams) and semantic diversity (1 — 5, where s is the mean pairwise
cosine similarity of user message embeddings computed by text-embedding-3-small'!). To mitigate
the effect of varying trajectory lengths, for each seed person we compute the minimum number of
user messages among the three trajectories and sample that many user messages from each trajectory.
We repeat sampling with five random seeds and report averaged results.

Profile Schema Lexical 7  Semantic 1
Coarse-grained 0.7238 0.4783
Medium-grained 0.7313 0.4932
Fine-grained 0.7310 0.4875

Table 3: Trajectory diversity under varying profile schema granularity. Values are averaged
across three seed persons and five length-matched sampling rounds.

Table 3 shows that the medium- and fine-grained schemas yield more diverse trajectories than the
coarse-grained schema. However, the fine-grained schema does not provide a commensurate im-
provement over the reduced schemas. Leveraging KEME'’s evidence linking between messages and
profile attributes, we observe that after synthesis only about 44% of the fine-grained profile fields
are ever mentioned, suggesting that many additional fields remain unused. We conjecture that this
under-activation is primarily due to the limited trajectory length under our cost-motivated settings,
which leaves insufficient opportunity for the generated experiences to surface and utilize the extra
fine-grained details.

D DISCUSSION

D.1 COMPARISON OF PERCEPTION APPROACHES

Table 4 presents a comprehensive comparison between proposed protocol-based app-mediated per-
ception and existing approaches, namely text-based perception and screenshot-based perception
Tang et al. (2025). Most existing approaches implicitly assume that applications are passive ob-
servation targets, whose internal states must be inferred from screenshots or accessibility trees Wen
et al. (2024); Li et al. (2024); Zhang et al. (2025a); Wang & Chen (2025); Volcengine (2025); Ye
et al. (2025); Wu et al. (2025b). In contrast, our approach advocates for an app-mediated perception
paradigm. This shift naturally leads to three consequences for memory systems:

Significantly Reduced Redundancy. User interactions within applications typically manifest as
discrete, atomic actions, such as clicking a specific control or inputting a text string. In screenshot-
based perception, the visual difference between frames captured immediately before and after such
interactions is often negligible, leading to high temporal redundancy. Furthermore, screenshots
inherently capture the entire User Interface (UI) state including static headers, advertisements, or
background elements irrelevant to the current specific interaction. This introducs substantial spatial
noise. Text-based parsing suffers from similar issues, often logging excessive structural details.
In contrast, our protocol-based approach filters information directly at the source. By decoupling
the sensing logic from the storing logic, apps transmit only event-level summaries (e.g., “User
completed a run”) rather than raw interaction traces. For memory systems, this dramatically
lowers processing complexity, as they are relieved of the computational burden of inferring high-
level user behaviors from low-level, noisy interaction trajectories. We note that this reduction relies
on reasonable application-side summarization choices rather than representing an absolute bound.

Enhanced Privacy and Safety Control. Safety in memory systems necessitates strictly protect-
ing user privacy while simultaneously respecting app boundaries. For certain applications, mem-
ory systems relying on screenshot-based or text-based parsing methods often risk violating Terms
of Service (ToS), as they may function similarly to automated data crawlers. Furthermore, these
methods typically capture on-screen information indiscriminately. In contrast, our protocol-based
approach allows both users and developers to collectively define the perception boundary. It

"https://developers.openai.com/api/docs/models/text-embedding-3-small
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Perception Approach Redundancy Privacy & Safety Control Processing Complexity Interaction Mode
Text-Based Parsing High Low High Proactive
Screenshot-Based High Low High Proactive
Protocol-Based App-Mediated Low High Low Passive

Table 4: Comparison of perception interfaces for user-app interactions. Privacy & Safety Con-
trol refers to the ability of both users and apps to define data boundaries. Processing Complexity
denotes the computational burden placed on the memory system to extract valuable information
from user interactions. Interaction Mode indicates whether the memory system proactively captures
information or passively receives information from applications.

empowers users to explicitly select which applications participate in the memory formation process.
Apps can sanitize data before transmission to ensure that sensitive content such as banking details or
private chats remains unexposed. Consequently, protocol-based app-mediated perception achieves a
higher standard of privacy compliance.

Flexibility and Extensibility. The protocol-based interface abstracts the heterogeneity of user in-
teractions. Instead of the memory system struggling to interpret diverse Ul layouts across
the dozens of applications typically installed on a user’s device, each app implements its own
lightweight perception module tailored to its content type. As illustrated in Appendix A.2, a
voice memo app can integrate a speech recognition module to send text, while a to-do list app uses
rule-based triggers to report task creation or completion. This distributed perception capability al-
lows the memory system to support heterogenous inputs seamlessly. Importantly, the shift to a
passive interaction mode shifts the processing trigger from the memory system to the applications,
significantly reducing the system’s operational overhead. The memory system no longer acts as a
bottleneck that must constantly monitor all active interfaces. It is noteworthy that protocol-based
app-mediated perception complements existing perception methods and is most effective when ap-
plications can provide semantic signals at the cost of limited application-side support.
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